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Abstract 
Tool wear in machining changes the geometry of the cutting edges, which effect the direction and amplitudes of the cutting force 
components and the dynamics in the machining process. These changes in the forces and dynamics are picked up by the internal 
encoders and thus can be used for monitoring of changes in process conditions. This paper presents an approach for the monitoring 
of a multi-tooth milling process. The method is based on the direct measurement of the output from the position encoders available 
in the machine tool and the application of advanced signal analysis methods. 
  
The paper investigates repeatability of the method developed and how to detect wear in an individual tooth in a milling cutter. The 
results of this work show that various signal features which correlate with tool wear can be extracted from the first few oscillating 
components, representing the low-frequency components, of the machine axes velocities.  The responses from the position encoders 
exhibit good repeatability, especially short term repeatability while the long-term repeatability is more unreliable. A worn tooth 
increases the irregularity in the encoder responses and can be identified at an early stage of the cut. 
 
© 2012 The Authors. Published by Elsevier B.V. Selection and/or peer-review under responsibility of Prof. Eiji Shamoto. 
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1. Introduction 
Tool wear, as an inevitable phenomena and limiting 
factor in machining, is complex in the sense that it varies 
with the combination of tool-workpiece materials and 
machining conditions, which makes it difficult to 
forecast. In the ideal situation, the cutting edges are 
cutting material under gradual wear without breaking, 
until the end of tool life, specified by a maximum tool 
wear criterion. Excessive wear during periods of time 
however, may drastically shorten the remaining tool life, 
leading up to the negative consequences of process 
failures and scrap production. A critical factor to avoid 
damage to the machine tool and workpiece is thus to 
enable the detection of the condition of the cutting tool. 
Traditionally the approach in condition monitoring is to 
add new sensors to the system. To develop more robust 
processes the addition of components and sub-systems 
shall be kept to a minimum.  
A potentially attractive way to achieve a more robust 
solution to condition monitoring, compared with the 
traditional approach using external sensors, is to use the 
internal sensors and signals which are already available 
in the machine tool. Assuming that more information 
which is relevant to the monitoring task actually can be 
extracted from the signals, the complexity of the 
monitoring system may therefore be significantly 
reduced. Finding signatures of specific phenomena, such 
as disturbances due to wear of critical machine tool 
components, and disturbance in the machining process 
due to tool wear or breakage, may also provide deeper 
insight into the health of machine tools and further 
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understanding about the dynamics of machining 
processes due to the choice of machining parameters. 
Traditionally, the dynamics of the machining process 
has been investigated by using additional sensors, such 
as table-mounted/spindle-integrated dynamometer, 
multi-axis accelerometers mounted on the workpiece or 
tool holder, acoustic emission sensor mounted on the 
workpiece (Dimla [1]). This makes sense since tool wear 
causes a geometrical change of the individual cutting 
edges which directly affect the amplitude and direction 
of the cutting forces and consequently also the vibration 
amplitudes. Ritou & Garnier [2] presented an in-process 
tool condition monitoring system based on cutting forces 
and showed that many of the previously presented 
indicators of cutting tool state produce many false 
alarms. Amer & Grosvenor [3] estimated the tooth 
rotational energy based on the spindle speed and spindle 
load signals to detect tool breakage in milling. 
Bhattacharyya et al. [4] extracted several features from 
the spindle current and power signals which were 
correlated to the tool wear process in a single-tooth face-
milling operation.  
Rivero et al. [5] utilized internal drive signals (spindle 
and feed motor current) to estimate the cutting force 
components and cutting power. It was observed that the 
estimated cutting power and cutting force transversal to 
the feed direction were the most sensitive to tool wear. 
Li et al. [6] presented an approach to tool breakage 
detection based on the feed motor current signal. It was 
shown that the periodicities in the motor current signals 
are disturbed during tool breakage which can be 
effectively detected by measuring the permutation 
entropy. Girardin et al. [7] showed that the variations in 
the spindle's angular velocity can be used to detect 
critical tool wear and the genesis of tooth breakage in a 
single-tooth down-milling process. A slow-down of the 
spindle speed due to increasing spindle torque was 
observed. A part of their analysis was carried out in the 
frequency domain and they concluded that it is sufficient 
to monitor the operational frequencies, i.e. the cutter 
frequency and tooth-passing frequency, for the detection 
of tooth breakage. An up-to-date review of TCM 
research, focusing on sensor technologies, signal 
processing and decision making strategies, was 
presented by Teti et al. [8]. Recent work [9, 10, 11] by 
the present authors have shown the potential of using the 
internal linear and rotary encoders in combination with 
signal analysis using spectral methods as well as phase 
space methods to detect tool wear in milling operations. 
In order to make this method useful in the industry, 
several additional questions have to be answered. These 
may deal with repeatability, computational efficiency etc. 
This work is directed to investigate the repeatability of 
the method that has been developed. 
2. Experimental setup 
In this work, a stable milling process, in the sense that 
the combination of cutting parameters, cutting tool and 
workpiece material used, do not result in any severe tool 
wear during the cut, was studied. The slot-milling 
process, as illustrated in Fig 1, was performed in a 
modern 5-axis multitask machine tool. 
A set of cutting edges was prepared to specific levels 
of flank wear to study the effect of tool wear on the 
responses from the linear encoders. The cutting edges 
were grouped into five different wear level classes based 
on flank wear, WL0-WL4, where WL0 corresponds to a 
new cutting edge and WL4 is a broken edge. A reference 
cut with all teeth new (WL0) was first performed. In the 
following cuts, tooth #1 was replaced by a worn tooth 
WL1-WL4 classified tooth. After each cut, the inserts 
were examined in a light microscope to ensure that they 
were not severely worn or damaged during the cut. 
Fig 1 shows the geometry of the milling process. 
Note that either 2 or 3 teeth may be cutting 
simultaneously in cycles during the full immersion stage 
of the cut. The worn tooth (#1) may cut simultaneously 
with either tooth 2 or 5 alone, or simultaneously with the 
teeth (2,3), (2,5) or (4,5). The teeth numbered 2-5 were 
sharp prior to each cut to avoid the effect from multiple 
worn cutting edges. 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. Geometry of the milling process. 
 
Table 1 gives the actual settings used in the milling 
tests. The tool wear level WL2 was never tested in the 
second experiment. 
 
Table 1. Measured tool wear levels [11] 
Wear level Flank wear,  
VB [μm] 
Area, 
A [mm2] 
WL0 0 0 
WL1 78 0.022 
WL2 (Not used in repetition) 111 0.045 
WL3 153 0.15 
WL4 205 0.20 
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Two series of experiments were conducted with a 
time span of 6 moths using the same nominal conditions. 
This was done to evaluate the long-term repeatability of 
the system response. 
2.1. Blind test 
In the blind test, an arbitrary selected tooth on the 5-
flute milling cutter was replaced by a worn (WL3-
classified) tooth. The blind test addresses the following 
two problems: 
 
1. Detection of the actual tool wear level (WL3) 
used in the blind test. 
2. Identification of an unknown (specific) worn 
tooth by its tooth index (1-5). 
3. Signal processing and analysis 
3.1. Overview 
The signal analysis steps are shown in Fig 2. 
 
Differentiation
Feature extraction
Position signal
Signal features
Repeatability analysis
 
 
Fig. 2. Schematic overview of the signal processing steps. 
 
 
The position signal is first estimated from the 
sinusoidal quadrature signals from the position encoders, 
with a resolution of three microns, using the direct arc 
tangent method. The differentiation is performed using a 
wavelet based method [12] which has some noise 
reduction capabilities and overcomes the known 
deficiencies involved with pure numerical finite 
differences. The feature extraction block performs a 
singular spectrum analysis per spindle revolution on the 
estimated first derivatives and accomplishes a further 
reduction of unwanted higher frequency content in the 
velocity time series and provides an eigenvalue e1 which 
can be used as tool wear features. 
The analysis is carried out for the signals measured at 
two different experimental occasions for the same 
experimental setup. The signal level repeatability can be 
evaluated by comparing the responses from individual 
machine axes. The feature level repeatability can be 
evaluated by comparing the signal features extracted 
during subsequent spindle revolutions. 
3.2. Signal features for detecting tool wear 
Table 2 lists the extracted signal features suitable for 
detecting tool wear per machine axis. 
Table 2.  Extracted tool wear features 
Wear level X Y S1 
Range * *  
Variance * * * 
RMS * * * 
1st eigenvalue, e1 * * * 
 
 
Signal features extracted for new cutting edges are 
compared with those from a worn tool by the sum of 
squared distance (SSD) statistic. For N spindle 
revolutions, the SSD for a signal feature x  is given as 
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where )(1 kx and )(2 kx denote signal features from 
two separate cuts extracted from the kth spindle 
revolution. The SSD statistic gives the accumulated 
spread from a reference measure. 
 
4. Results and discussion 
4.1. Correlation between signal features and tool wear 
levels 
Extraction of signal features from encoder signals has 
been researched to some extent and presented in [11]. 
The results have shown that tool wear related 
information can be effectively extracted from the 
internal positions encoders of the machine tool. Strong 
correlation between different tool wear measures and 
extracted signal features from the encoder signals were 
found. Fig 3 and Fig 4 show typical correlations that can 
be expected for the extracted signal features. In general, 
the correlations are lower during the initial wear-in stage 
and the final exit phase and stronger during the 
stationary stage during the cut.  
Fig 3 gives an example of the correlation between an 
extracted signal feature and the two different tool wear 
measurements VB (maximum depth of flank wear) and A 
(A being the worn area on the rake phase measured by 
image analysis [11]) that can be expected during the 
stationary stage in the milling operation. 
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Fig. 3. Evolution of the correlation coefficients rVB and rA between the 
signal variance and tool wear measures VB and A respectively during 
the kth spindle revolution. 
 
Fig 4 shows correlation plots between the signal 
variance and the tool wear measures VB and A during the 
stationary stage in the milling operation. 
 
Fig. 4. Correlation plot between the signal variance and two different 
tool wear measures. The thick curve represents the average of the 
correlations inside the ±1σ corridor. 
 
The conventional flank wear measure VB shows lower 
correlation than the unconventional tool wear measure A, 
thus leaving a question mark on which tool wear 
measure is actually most suitable in an encoder-based 
condition monitoring scheme. The signal response to 
small changes in wear is however very strong and thus 
show promise as a tool for monitoring of machining 
processes. 
4.2. Repeatability in system response 
The repeatability of a condition monitoring system 
(CMS) can be analysed at either the signal level or at the 
signal feature level. In either case, under similar cutting 
conditions, the repeatability should be high in order to 
achieve reliable condition monitoring. 
If the repeatability is low for the original signal from 
which the features are extracted, the low repeatability 
will also be reflected by the features. It is therefore not 
necessary to perform the analysis at the signal feature 
level to evaluate the system’s repeatability. Thus, to 
minimize the uncertainty in the repeatability the encoder 
responses were analysed directly on the micro-vibration 
signals to evaluate the repeatability. 
In the following analysis, the micro-vibration 
signature from the feed axis transversal to the feed 
direction was decomposed into its spectral components 
by performing the FFT on the stationary stage of the 
milling process. During this stage of the cut, the angle of 
immersion is 180° and 2-3 teeth may be cutting 
simultaneously in cycles. 
The intermittent nature of the milling process will 
excite the machine tool structure at the cutter frequency 
f0 and its harmonics 2f0, 3f0, 4f0, 5f0, etc. The response 
repeatability is evaluated in Fig 5 by comparing the 
amplitudes at these frequencies for the tool wear levels 
WL0, WL1, WL3 and WL4 given in Table 1. 
 
Fig. 5. Amplitudes for the spectral components in the micro-
vibration signature at different harmonics. 
 
It can be seen that the short-term repeatability (within 
each experimental series) is relatively strong while the 
long-term repeatability (comparing experiment 1 with 
experiment 2) is not as strong. The long-term variations 
may originate from unknown factors, such as non-
identical fixturing of the workpiece and unknown events 
that may have influenced the performance and stability 
of the machine tool in the 6-month time span between 
the experiments. The short-term variations are more 
related to the complexity in the dynamics of the 
machining process itself. 
This implies that a CMS cannot rely on past reference 
values to determine the actual state of the cutting tool. 
The strong short-term repeatability shows that encoder 
signals have a strong potential for in-process monitoring 
of machining operations.   
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4.3. Detection of the tool wear level 
The person performing the analysis of the blind test 
did not have any prior knowledge to which tooth that 
was replaced or which wear level this tooth had. The 
detection of the tool wear level for the blind test in this 
particular case is based on comparison between the 
extracted signal features from the cutting with known 
tool wear levels by summing the differences between the 
signal features (SSD, Eq.1). The features will yield a 
minima for the case which is closest to the most similar 
wear level in the known case.  For this case it was shown 
that the extracted signal features are closest (in this case 
the same) to the features from the WL3 cut, Fig 6. Note 
that all 131 spindle revolutions were included in the 
analysis. This implies that the extracted signal features 
for the blind test are from the WL 3.   
A useful tool wear level detection scheme should be 
insensitive to the duration of the cut. The effect of 
number of spindle revolutions on the normalized SSD-
values has been evaluated. It was found that the SSD 
value for WL3 was the lowest throughout the cut, when 
compared with the other wear levels. Already after a few 
revolutions the SSD has converged to a minima, thus the 
actual tool wear level can be detected after only a few 
spindle revolutions. 
Fig. 6. Detection of tool wear level in the blind test based on the X-axis 
signal features. 
 
4.4. Identification of the worn tooth 
The angular positions of each tooth were measured 
using the RD2P method [13]. A tooth sequence diagram, 
Fig 7, indicating the entry and exit of each tooth could 
then be established for the actual tool path. By this it 
could be determined that the tooth denoted as tooth 1 
was identical to the tooth marked X in Fig. 7. 
It can be seen that the periodicity in the displacement 
signal is disrupted at the initial stage of the cut when 
tooth X+1 enters the workpiece. This can be related to 
the increased size of the cutting force as this particular 
tooth will shear off a thicker chip. The leading worn 
tooth X has a reduced performance to perform a clean 
cut and will contribute less to the cutting forces and 
vibration amplitudes as a consequence. Thus, already at 
an early stage of the cut, the worn tooth can be identified. 
This is true also for the actual wear level of this 
particular tooth.  
 
 
 
 
Fig. 7. Machining process behaviour with one tooth worn (WL3). 
Tooth position X (in the actual case identified as tooth 1 of the milling 
cutter) is the worn tooth. 
 
The results from this work support the findings of 
Girardin et al. [7], who used variations in the spindle's 
angular velocity to detect critical tool wear and the 
genesis of tooth breakage in a single-tooth down-milling 
process. In their work however, the actual tooth was not 
conclusively identified. 
4.5. Implications for on line monitoring 
An online tool condition monitoring system may rely 
on checking whether the values of the signal features 
exceed a specified threshold value for each feature. It 
may also be possible to detect drastic changes in the 
derivatives of the signal features. The results of this 
work, the less long-term repeatability, indicate that the 
threshold value approach may not be the most 
favourable one due to the complex dynamics involved in 
the milling process. Tool condition monitoring may also 
be regarded as a classification problem, which may be 
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numerically solved by using neural networks, which can 
handle complex classifications. This has however not 
been investigated in this work. 
Before an indirect monitoring system can be realized 
and generalized, it is reasonable to suggest that further 
investigations into the tool wear phenomena must be 
undertaken to understand the full potential of encoder 
based process monitoring. 
5. Conclusions 
The use of the internal encoders in machine tools seems 
promising in future realization of machining process 
monitoring systems.  
The method developed is capable of detecting small 
changes in the tool wear, long before the wear levels 
become harmful for the result on the component 
produced.  
Even individual differences in wear level between the 
different teeth in a milling cutter may be detected using 
the developed methodology. 
The short-term repeatability of the tool wear features 
was found to be strong while the long-term repeatability 
is more unreliable. This may indicate a possibility to 
detect changes in the machine tool condition as well as 
cutting tool conditions. This is however something that 
has to be further investigated. 
An online process condition monitoring system is more 
likely to be based on detecting changes in differentials of 
the signal features rather than the absolute values of the 
signal features themselves.  
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